INTRODUCTION
The number of rare monogenic diseases is estimated to be 45000 and for half of these the underlying genes are unknown. 1 In addition, an increasing proportion of common diseases, such as intellectual disability, schizophrenia, and autism, previously thought to be due to complex multifactorial inheritance, are now thought to represent a heterogeneous collection of rare monogenic disorders, 2-5 the large majority of which is still unknown. The identification of genes responsible for these diseases enables molecular diagnosis of patients, as well as testing gene carriers and prenatal testing. Gene identification represents the first step to a better understanding of the physiological role of the underlying protein and disease pathways, which in turn serves as a starting point for developing therapeutic interventions. 6 Recent advances in next generation sequencing technologies have dramatically changed the process of disease gene identification, in particular by using exome sequencing in which the protein-coding part of the genome of a patient can be studied in a single experiment (see Majewski et al 7 for an overview of exome sequencing technology and its applications). As tens of thousands of genomic variants can be identified in each exome, it is important to carefully consider strategies for efficiently and robustly prioritizing pathogenic variants. In order to do so, much can be learned from traditional disease gene identification approaches, but also novel strategies need to be established.
TRADITIONAL DISEASE GENE IDENTIFICATION
Past identification of Mendelian disease genes was carried out by Sanger sequencing of candidate genes. Candidate genes can be selected because they resemble genes associated with similar diseases, because the predicted protein function seems relevant to the physiology of the disease, or because a positional mapping approach pointed to these genes in a genomic region. 8 This last approach has been most successful as it does not rely on prior biological or medical knowledge and can be applied in an unbiased fashion. The most important genetic mapping approaches rely on karyotyping, 9 linkage analysis, 10 homozygosity mapping, 11 copy number variation analysis, 12 and SNPbased association analysis. 13 One problem associated with using genetic mapping approaches is that it is difficult, if not impossible, to predict whether a disease is caused by a single nucleotide mutation or by structural genomic variation. Without family information it is also often difficult to predict whether a disease is dominantly or recessively inherited. Therefore, different mapping approaches often need to be applied in a sequential order before a disease locus is identified. In addition, these mapping approaches commonly do not reduce the number of candidate genes sufficiently for follow-up by Sanger sequencing, when the disease locus remains very large. This is especially the case if these mapping approaches are applied to only a single patient or family with a limited number of informative relatives. Combining data from multiple unrelated but phenotypically similar patients or families is useful to reduce this to a manageable number, but carries a risk that patients with similar phenotypes are affected by mutations in different genes. Alternatively, a candidate gene approach can be used to select the best candidate genes from the large disease locus for Sanger sequencing. Many bioinformatics tools have been developed to prioritize candidate disease genes from disease gene loci. [14] [15] [16] Candidate gene selection is however critically dependent on prior knowledge and only few disease genes have been identified by specifically using these bioinformatics tools. 17 A particular category of diseases that has remained largely unresolved is that of the rare genetic disorders that occur sporadically, and for which neither a family-based approach nor an association-based approach can be used. These diseases require unbiased gene identification approaches that can be successfully applied in small cohorts or single patients.
NEXT GENERATION SEQUENCING (NGS) TECHNOLOGY
NGS technology is changing medical genomics by making highthroughput sequencing of DNA and RNA available and affordable. 18 Mendelian disease gene identification in particular benefits from this development. Rapid sequencing of the entire genome of a patient removes the necessity to prioritize candidate genes for sequencing, and can therefore reduce the disease gene identification process from a two-step approach (positional mapping followed by Sanger sequencing) to a one-step approach (whole genome sequencing). The technical simplicity of this approach allows large-scale application in Mendelian disease research and diagnostics. With NGS, the disease gene identification challenge shifts from the identification to the interpretation phase; millions of genomic variants are identified per genome but only one or two may explain the Mendelian disease. Prioritization of variants is therefore, crucial to the disease gene identification process. For (severe) Mendelian disorders prioritization assumes that the mutation has a large effect, and is therefore (1) unique in patients or at least very rare in the general population, (2) located within the protein-coding regions of the genome, and (3) directly affecting the function of the protein encoded by the mutated gene. 19 Most whole genome studies published so far have focused on the 2% of the genome that is coding, as roughly 85% of the known genetic causes for Mendelian disorders affect the protein coding regions (although this may have to do with an ascertainment bias). 8 This reduces the amount of variants from 3 to 4 million to o25 000 for follow-up. [20] [21] [22] [23] [24] Because whole genome sequencing is still limited in throughput and too costly to be applied as the main tool for disease gene discovery, different capturing approaches have been developed to enrich the exome before NGS. 25 The advantage of this enrichment is that many more exomes than genomes can be sequenced per NGS system per run, and despite the additional enrichment, costs are lower by a factor of 5-10. A single run on the latest generation of such NGS systems can generate enough sequence data to simultaneously study up to 100 exomes in parallel.
Disease gene identification strategies for exome sequencing
The number of variants that are identified in exome sequencing studies varies greatly. This depends on the exome enrichment set that was used, the sequencing platform and the algorithms used for mapping, and variant calling (see Figure 1) . Typically, between 20 000 and 50 000 variants are identified per sequenced exome. In order to reduce the number of false-positive calls, variants are first filtered based on quality criteria, such as the total number of independent reads showing the variant (eg, at least five independent reads), and the percentage of reads showing the variant (eg, at least 20% for heterozygous variants, at least 80% for homozygous variants). Subsequently, variants outside the coding regions can be filtered out, as well as synonymous coding variants, on the basis of the assumption that these will have minimal effect on the protein, as described above. This reduces the number of potential disease-causing variants to roughly 5000. The most substantial reduction follows from excluding known variants (commonly from dbSNP, published studies, 26, 27 or in-house databases). This step typically reduces the number of potential candidate mutations by 90-95%. After this, typically between 150 and 500 private non-synonymous or splicesite variants are prioritized as potential pathogenic variants (see Figures 1 and 2) . 4, [28] [29] [30] [31] [32] [33] [34] It is important to emphasize that prioritization may discard the pathogenic variant. A variant that is present at low frequency in a heterozygous state in the normal population may be removed even though it causes disease if present in a homozygous state. For a very V is s e r s e t a l.
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Gene identification strategies for exome sequencing C Gilissen et al rare recessive disorder, the expected carrier frequency in the population will be extremely low, which allows for the use of large control sets to exclude previously identified variants. To assume that there are no carriers for recessive disorders in the population and thereby in the control data is dangerous, especially when the disease occurs more frequently. Hence, it is important that reliable population frequencies are obtained for variants in control data sets, as this will allow the exclusion of variants that are present at frequencies higher than the expected carrier frequency. Walsh et al 35 warned about the use of uncurated variant databases. One of the pathogenic mutations they identified was recorded in dbSNP as a known variant based on a single study. The authors did not observe the variant in 768 individuals, which led them to speculate that the entry was likely an artifact due to alignment errors in short mononucleotide runs. It is clear that this initial prioritization is no more than a first selection, and will rarely identify the pathogenic variant by itself. Additional strategies are needed to find the causative mutation among this list of 150-500 private variants. For this, both traditional positional mapping strategies as well as other common approaches have been adapted for exome sequencing ( Figure 3 , Table 1 ). We briefly discuss each of these strategies:
Linkage strategy. For a family with a monogenic inherited disorder, multiple affected family members can be sequenced to identify shared variation. In addition, non-affected family members can be sequenced to exclude private benign variation. By selecting the most distantly related affected family members, the amount of shared benign variation can be kept to a minimum. For example, two affected siblings are expected to share about 50% of their DNA. By combining sequence data, this will lead to a similar reduction in private variants that needs to be considered. The first application of this approach was by Ng et al 29 who used data from two affected siblings to determine shared variation, reducing the amount of recessive candidates to a mere 9 genes. Krawitz et al 36 applied a more sophisticated version of this approach using only exome sequencing data. The authors determined the haplotype for all variants shared by three affected siblings, and selected those variants that are identical by descent. In this way they reduced the number of candidate genes from 14 to only 2 genes.
Homozygosity strategy. In case of a rare recessively inherited disorder and suspected consanguinity, the initial assumptions are that the disease is caused by a homozygous variant inherited from both parents and that this variant resides within a large stretch of a homozygous region. Homozygous variants can therefore be prioritized by their presence in large homozygous regions of the patient's genome. These regions can be identified by SNP microarrays and used during the prioritization process, 35 but Becker et al 31 recently showed that exome data itself may contain sufficient numbers of informative SNPs to allow reliable homozygosity mapping. In this study, 17 of the 318 private non-synonymous variants observed in the index patient were autosomal homozygous variants, but only three were located in large homozygous regions and the causative mutation was located in the largest of these three. The main difference of this strategy compared with the linkage strategy is that variants, although homozygous, are only selected when contained within a large homozygous stretch. As such, this approach reduces the amount of variants for follow-up sufficiently to allow disease gene identification in individual cases, and does not require additional family members, at least not for initial variant identification. This approach however, can only detect homozygous loci in regions with a sufficient target density containing informative SNPs. Double-hit strategy. When only a single patient is available without additional family members and the disorder is suspected to be recessively inherited (but without any indication for consanguinity), it is possible to sequence only this single patient's exome and select for genes carrying homozygous as well as compound heterozygous variants, as there are relatively few of these private non-synonymous variants in the average outbred individual. Gilissen et al 32 used this strategy to reduce the number of candidate disease genes in two individuals with Sensenbrenner syndrome from 139 and 158 to only 3 and 4, respectively. Pierce et al 37 used the same approach for a patient with Perrault syndrome, prioritizing a single gene among 207 private non-synonymous variants. Both studies show that this is a powerful approach that can identify the genetic cause of a disorder from just sequencing a single individual.
Overlap strategy. In the absence of genetic heterogeneity, one can search for mutations in a single gene in multiple unrelated patients with a similar phenotype. This is particularly important for disease gene identification in dominant disorders, as there are many more genes with private heterozygous non-synonymous variants than there are genes with private homozygous or compound heterozygote nonsynonymous variants. The number of genes with mutations in multiple affected patients will decrease rapidly by combining data from increasing numbers of patients, resulting in less candidate genes for follow-up. The first study to find the mutated gene for a dominant disorder by using this overlap approach in exome sequencing data used four unrelated individuals. 33 Recently, we showed that combining data from three individuals was sufficient to identify the gene for Bohring-Opitz syndrome. 34 Although in the individual patients we found between 130 and 222 novel non-synonymous variants, the overlap for any two patients yielded 26 candidate genes whereas the overlap from three patients pointed only to a single gene.
The overlap strategy will work best for true monogenic disease and will have to be adapted for diseases that show genetic heterogeneity. In addition, the incompleteness (ie, failure to enrich specific targets) of current exome sequencing data may cause a problem because pathogenic mutations may be missed in one or more patients, complicating the filtering strategy. A good example of both levels of complexity is displayed in the recent publication by Ng et al 30 in which the authors sequenced the exomes of 10 patients with the clinical diagnosis of Kabuki syndrome. After filtering against existing SNP databases, no compelling candidate gene was identified that contained previously unknown variants in all affected individuals. Next, the authors conducted a less stringent analysis by looking for variation in candidate genes shared among subsets of affected individuals. This analysis pinpointed to MLL2 as the major cause of this syndrome. Krawitz et al 36 Johnson et al 54 Zuchner et al 55 Norton et al 38 Wang et al 51a Musunuru et al 52b
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Relies heavily on accurate phenotyping and the assumption of a single involved locus.
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On the basis of exome data, mutations in this gene were observed in 7 out of 10 patients. Sanger sequencing of the entire coding region of this gene in the mutation-negative cases, however, revealed MLL2 mutation in two out of the three cases, both being frameshift indels that were missed by exome sequencing. Similarly, one should be mindful of copy number variations, inversions, or translocations overlapping with the nucleotide variants identified in patients with the same phenotype, as these can cause the same disease but are easily missed by exome sequencing as illustrated by Norton et al 38 The clinical and genetic heterogeneity of Kabuki syndrome was further highlighted in the replication cohort used in the study of Ng et al 30 in which only 60% (26 out of 43 patients) of cases were found to have MLL2 mutations. The difference in the percentage of MLL2 mutationpositive cases between the discovery and replication cohort illustrates that the authors were able to clinically select canonical Kabuki cases for exome sequencing, highlighting the importance of accurate and consistent clinical phenotyping for successful disease gene identification using this overlap strategy.
De novo strategy. The overlap strategy described above only works for rare diseases that are largely monogenic. For common disorders that are genetically highly heterogeneous, the mutational target, that is, the amount of genome occupied by genes that when mutated result in disease, is too large to have a reasonable chance of finding two patients with mutations in the same gene. This large mutational target however, also increases the chance that a de novo mutation during meiosis occurs in one of these genes and causes disease. Especially when a disorder occurs mostly sporadic and is associated with reduced fecundity, as is the case for example for intellectual disability, the underlying cause can be hypothesized to lie with these de novo mutations. De novo mutations in these patients can be identified by using a family-based exome sequencing approach. By sequencing the exome of the patient as well as his or her parents, de novo candidates can be selected by filtering out all inherited variants. This will yield a limited number of potential pathogenic variants, as the average exome contains only 0-3 de novo mutations. 4, 22, 26, 39 Vissers et al 4 showed that de novo point mutations could be linked to disease in 7 out of 10 patients with intellectual disability, indicating that these mutations may explain the large majority of the genetic burden. These remarkable findings in intellectual disability have recently been replicated in sporadic forms of autism 39 and schizophrenia, 5 indicating that de novo mutations may explain a considerable proportion of the sporadic forms of common neurodevelopmental disorders. 4, 40 Note that, as for the other strategies, variants prioritized in this way are more likely to be causative for disease, but de novo occurrence in itself is not sufficient evidence, and follow-up studies are required to identify recurrence or functional proof of pathogenicity. In addition, the focus on variants that are present only in an affected child and not in the parents does not only enrich for de novo mutations but also for sequencing and mapping artifacts, and therefore requires high sequencing accuracy and equal coverage in all three samples investigated. It may therefore be wise to enrich and sequence all samples of a trio in the same experiment. Finally, the de novo strategy requires a relatively high number of three experiments per patient, and will therefore only be applied when none of the other strategies is likely to be successful and parental samples are available.
Candidate strategy. In case of a single dominantly affected individual, without further availability of family members or other affected individuals, the options are limited. Prioritization may be on the basis of predicted impact of the variant on protein function and structure, that is one prioritizes for stop mutations, frame-shifting mutations, and mutations in the canonical splice-sites. In case of missense variants, the two main criteria currently applied are predicted impact on protein structure (eg, Grantham score) and evolutionary conservation of the variant nucleotide (eg, phyloP or GERP scores). Pathogenic mutations tend to have a markedly higher conservation than benign variants. 4, 41 Based on a comparison of scores for benign and pathogenic variants from dbSNP and Human Genome Mutation Database, respectively, we estimated that most pathogenic missense variants have a PhyloP score 42.5. 4 Indeed, so far almost all published missense and nonsense mutations that have been identified by exome sequencing are more conserved than expected (Figure 4) .
Similar to the traditional candidate gene approach, information on gene function in relation to the phenotype and what is known or inferred about its pathophysiology may be used in further prioritization. Methods for selecting candidate variants on this scale are relatively new. When there are no obvious candidate variants available (ie, truncating mutations), most studies have turned to computational predictors of the impact of missense variants on the protein structure or function. 42 There are some practical issues with regard to the utility of these prediction programs for NGS data. Most importantly, however, the sensitivity and specificity needs to be very high, given the large amount of predictions that is performed for a single exome. As an example, one of the two mutations identified as the cause for Miller syndrome by Ng et al 29 was initially missed because it was predicted to be benign. Hence, some studies have used combinations of predictions by different methods to evaluate missense variants. 43 On the other hand, predictions on a complete set of detected exonic variants will usually yield far too many potential damaging mutations for follow up. 44 Recently, Erlich et al 45 demonstrated how gene prediction tools typically applied in combination with traditional mapping approaches, can also successfully be applied to prioritize candidate genes from exome resequencing experiments. They used three different bioinformatics tools (SUSPECTS, 46 ToppGene, 47 and Endeavour 15 ) to prioritize KIF1A as the most likely candidate gene for hereditary spastic paraparesis. Prioritization of the variants itself using MutationTaster, 48 Polyphen, 49 and SIFT 50 independently pointed to the variant in KIF1A as being the most likely pathogenic variant. This nicely illustrates the potential of combining gene level information with genomic variant information.
In practice, not all studies use a single strategy, and some rely on a combination of approaches. For example Wang et al 51 used a combination of a homozygosity and linkage-based approach whereas Musunru et al 52 used the combination of a linkage-and double hitbased strategy ( Table 1) . As a final step in this process, validation by traditional Sanger sequencing as the golden standard for mutation detection is still required. Importantly, definite proof of pathogenicity requires validation in independent patient cohorts and/or functional experiments.
Success rate
In order to evaluate the success rate of exome sequencing for Mendelian diseases, we investigated the exome coverage of known disease-causing mutations. We considered all 37 424 non-synonymous-coding variants annotated as disease-causing in the Human Genome Mutation Database that do not overlap with known dbSNP132 positions. 53 For each of these mutations, we evaluated the sequence coverage of corresponding targets from 51 exomes, with a median coverage of 49-fold, that were sequenced in-house using the Agilent 50Mb exome kit (Agilent Technologies, Inc., Santa Clara, CA, USA) with SOLiD4 sequencing.
First, we observed that all 37 424 disease-causing variant positions were targeted by the enrichment kit. Of these, 2128 (5.7%) positions were not covered with sequencing reads at all (median o 1.0), whereas 80.8% of the positions were covered with a median coverage of at least 10-fold. Variants that were covered less were typically within regions of either very high or low GC. We conclude that for up to 80% of all mutations, reliable variants calling would have been possible, that is, a detection with exome sequencing would have been likely.
Additionally, we performed a more biased analysis by evaluating all projects involving unexplained rare Mendelian disorders from the first year of exome sequencing at our institute. We revisited data from 10 likely dominant syndromes as well as 14 suspected recessive disorders.
For 6 out of the 10 dominant diseases, we identified heterozygous mutations in a novel gene. In addition we identified homozygous or compound heterozygous mutations in a novel gene in 8 out of 14 recessive disorders. All these mutations were Sanger-validated and independently replicated in at least one unrelated patient with the same disorder, and/or functionally implicated in the disease. This results in a success rate of 58% (14 out of 24), a number that may increase slightly as some of the projects are still ongoing.
Among the 10 projects where we did not find any novel genes, in 3 we identified mutations in previously known disease genes (B13%). One of the other unsuccessful projects involved Kabuki syndrome, where we sequenced four patients and two unaffected parents, and applied both the overlap as well as the de novo approach without identifying the (at that time unknown) causative gene. After the publication of MLL2 as the causative gene for Kabuki syndrome, 30 we identified the reason for our lack of success. MLL2 was not represented on the exome enrichment kit that we used at that time, and therefore no sequence data for this gene was obtained. While this explains why we were not able to identify any disease-causing mutation, it also shows that we were not misled by false-positive variants and identified wrong candidate genes. There are several other possible reasons why we are unable to identify the genetic cause by exome sequencing in some projects. Variants have not been identified due to (a) lack of sequence coverage of the variant, (b) bioinformatics variant calling issues, and (c) misinterpretation of variants. Moreover, it may be that (d) the cause of the disease is located outside the coding sequences or (e) being a large indel or structural genomic variant missed by exome sequencing. In addition, for some projects too many candidate variants remained after filtering and no independent recurrence or functional proof has been obtained so far. Finally, clinical heterogeneity or incorrect diagnosis may have falsely impacted our filtering strategy.
CONCLUSION
The introduction of NGS is transforming Mendelian disease gene identification. No longer is there a need for a complex and timeconsuming laboratory workflow consisting of many different positional cloning approaches. Instead, a single streamlined laboratory workflow will rapidly identify most of the genomic variation present in an individual exome. By applying tailored strategies for disease variant prioritization, many new Mendelian disease genes have been identified in the last 2 years. We estimate that straightforward application of these approaches achieves a success rate of 60-80% for Mendelian disorders. Improvements in the technology and bioinformatics are likely to increase this success rate. It is therefore likely that exome sequencing will become the most commonly used tool for Mendelian disease gene identification in the next few years.
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